Human behavior and cognition result from a complex pattern of interactions between brain regions. The flexible 14 reconfiguration of these patterns enables behavioral adaptation, such as the acquisition of a new motor skill. Yet, the 15 degree to which these reconfigurations depend on the brain's baseline sensorimotor integration is far from understood. 16 Here, we asked whether spontaneous fluctuations in sensorimotor networks at baseline were predictive of individual 17 differences in future learning. We collected functional MRI data from 22 participants prior to six weeks of training 18 on a new motor skill. We found that visual-motor connectivity was inversely related to learning rate: sensorimotor 19 autonomy at baseline corresponded to faster learning in the future. Using three additional scans, we found that 20 visual-motor connectivity at baseline is a relatively stable individual trait. These results demonstrate that individual 21 differences in motor skill learning can be reliably predicted from sensorimotor autonomy at baseline prior to task 22 execution.
Introduction
versus more complex adaptive functions [15] . The hypothesis also has specific implications for individual differences behavior -or learn -in the future. The degree of connectivity between two modules imposes constraints on the types of dynamics that are possible. Lower degrees of statistical dependence between the activity in two modules allow for greater flexibility in their dynamics. (b) Learning a new motor skilla sequence of finger movements -induces a progressive change in the connectivity between visual and somato-motor cortices [18] . We hypothesize that individuals who display a greater functional separation, or greater modularity, between motor and visual modules at rest are poised for enhanced adaptability, and therefore will learn faster over the 6 weeks of practice than individuals who display less functional separation between these modules. (c) Time in seconds required to correctly perform each sequence of finger movements (here referred to as movement time) for two example human subjects over 6 weeks of training. We observe an exponential decay in the trial-by-trial movement times for all participants (black lines), indicating that learning is occurring. The exponential drop-off parameter of a two-term exponential fit (red line) quantifies how rapidly each participant learned. Left and right panels illustrate the fits for an example slow and fast learner, respectively. and somato-motor module (purple), identified by time-resolved clustering methods applied to BOLD activity acquired during execution of motor sequences [18] . The modules were defined in a data-driven manner and correspond broadly but not exactly to putative visual and somato-motor modules. (b) Functional connectivity between visual and somatomotor modules, estimated at rest and prior to learning, reliably predicts individual differences in future learning rate. We define the learning rate as the exponential drop-off parameter of the participant's movement time as a function of trials practiced, and we define functional connectivity as the Fisher r-to-z transformation of the Pearson correlation coefficient between regional average BOLD time series. procedure with 10, 000 subject samples with replacement to derive the sampling distribution of each correlation value in Fig. 3a . We observed that individual differences in future learning rate were most strongly predicted by 128 functional connectivity between the premotor area adjacent to the right superior precentral sulcus and early-visual 129 areas adjacent to the calcarine sulcus in both hemispheres (Left calcarine sulcus to right superior precentral sulcus: Figure 3 : Learning rate is best predicted by connectivity between early visual and dorsal premotor areas. (a) Using a surface-based annotation encompassing broadly defined visual and somato-motor areas (inset in lower left), we calculated the correlation between learning rate and the functional connectivity between each pair of subregions (negative correlations are represented in blue; positive correlations are represented in red). Learning rate was best predicted by connectivity between early-visual areas adjacent to the calcarine sulcus in both hemispheres and the dorsal premotor area adjacent to the right superior precentral sulcus. (b) Regions whose connectivity were found to have highest correlation with learning rates. Left: Left calcarine sulcus (yellow) and right superior precentral sulcus (purple). Right: Right calcarine sulcus (yellow) and right superior precentral sulcus (purple). (c) Functional connectivity between left calcarine sulcus and right superior precentral sulcus significantly predicted individual differences in future learning rate (ρ = −0.8211, adjusted P = 0.0051; data points are indicated by left pointing triangles). Similarly, functional connectivity between right calcarine sulcus and right superior precentral sulcus significantly predicted learning rate (ρ = −0.8228, adjusted P = 0.0042; data points are indicated by right pointing triangles To address this question, we focused on a circuit of interest identified in a data-driven manner from BOLD data 143 collected as participants performed the task inside the scanner, composed of connections whose change in module 144 allegiance throughout learning significantly correlates with individual differences in learning rate [18] (see Methods).
145
This circuit is largely composed of connections between regions in the frontal cortex, anterior cingulate and basal 146 ganglia including the nucleus accumbens and putamen ( Fig. 4a ). We observed that individual differences in the mean To address this question, we measured spontaneous BOLD fluctuations in each of four resting state sessions 161 conducted immediately prior to task execution and separated by 1.5-2 weeks over the 6 week training period. We 162 calculated visual-motor connectivity and assessed the degree of inter-scan consistency using a random effects intraclass 163 correlation coefficient, which we observed to be ICC(C, 1) = 0.2395 (P = 0.0110; Fig. 5a ). These results indicate that 164 approximately 24% of the observed variance in visual-motor connectivity was accounted for by differences between 165 subjects (a trait marker), while 76% of the observed variance was accounted for by differences within subjects (which 166 can include both measurement error and a potential state marker), varying from session to session. Importantly, there 167 was no significant trend in the evolution of visual-motor connectivity across sessions (one-way analysis of variance, A robust regression (using iteratively reweighted least squares with a bisquare weighting function) also indicated that the relationship was not significant (P = 0.9484), suggesting that the lack of correlation was not solely driven by outliers.
10 training (Spearman's ρ = −0.5228, P = 0.0233; Fig. 5b ). Yet, there is clearly additional variance that is not explained 173 by this trait component, as evidenced by session-to-session variability in visual-motor connectivity ( Fig. 5a, S7 ).
174
To assess the potential predictive role of state dependent components of visual-motor connectivity, we asked 175 whether visual-motor connectivity estimated from a single baseline scan predicts learning rate in a temporally adjacent 176 training session more so than in temporally distant training sessions. Because of its exponentially decaying profile, 177 learning rate is more robustly estimated early in training (see Fig. S9 for a demonstration). Therefore, we estimated The Benefits of Independence. While the baseline separation between entire motor and visual modules was 201 predictive of individual differences in future learning behavior over 6 weeks of task practice, we also observed that 202 the regional associations that drove this prediction most were the functional connections between the contralateral 203 superior precentral sulcus and the bilateral calcarine sulcus. In classical models of motor processing and control, the between this area and early visual cortices learn the fastest. One simple interpretation of these findings builds on the 209 notion that the learning process is one in which the task of the brain is to develop direct motor-motor associations Board of the University of California, Santa Barbara. Three participants were excluded: one failed to complete the 292 experiment, one had excessive head motion, and one had a functional connectivity profile whose dissimilarity to those 293 obtained from other participants was more than three standard deviations away from the mean, potentially due to 294 sleep (Fig. S4) . Therefore, the final cohort included 19 participants who all had normal or corrected vision and no 295 history of neurological disease or psychiatric disorders.
296
Experimental setup and procedure 297
In a discrete sequence-production (DSP) task, participants practiced a set of ten-element motor sequences either 298 on a laptop keyboard, responding to sequential visual stimuli using their right hand (Fig. S1 ). The visual display 299 contained a horizontal array of five square stimuli, each corresponding to one finger. Mapped from left to right, the 300 thumb corresponded to the leftmost stimulus and the smallest finger corresponded to the rightmost stimulus. The 301 square corresponding to the current button press was highlighted in red, changing to the next square immediately 302 following a correct button press. Only correct button presses advanced the sequence, and the time for completion was 303 not limited. Participants were instructed to respond quickly and to maintain accuracy.
304
Six different ten-element sequences were used in the training protocol, with three possible levels of exposure: two 305 sequences were extensively trained (EXT; 64 trials per session); two sequences were moderately trained (MOD; 10 306 trials per session); and two sequences were minimally trained (MIN; 1 trial per session). The same sequences were 307 practiced by all participants. In each sequence, each of the five possible stimulus location was presented twice and 308 included neither immediate repetitions (e.g. "1-1") nor regularities such as trills (e.g., "1-2-1") or runs (e.g., "1-2-3").
309
A sequence-identity cue indicated, on each trial, what sequence the participant was meant to produce: EXT sequences 310 were preceded by either a cyan (EXT-1) or a magenta (EXT-2) circle, MOD sequences were preceded by either a red Before the first scanning session, the experimenter provided a brief introduction to participants in which he explained the mapping between the fingers and the DSP stimuli, as well as the significance of the identity cues. Next, 322 fMRI data was acquired as Subjects rested quietly in the scanner prior to any task performance. Finally, fMRI data 323 was acquired as subjects performed a series of trials on the DSP task spread over five scan runs, using a 5-button 324 button box with distances between keys similar to placement on a standard 15in laptop. Each scan run acquired during 325 task performance contained 60 trials grouped in blocks of ten, and similarly to home training sessions, performance 326 feedback was given at the end of every block. Each block contained trials belonging to a single exposure type (EXT, 327 MOD or MIN), and included five trials for each of the two sequences. Therefore, an equal number of trials from each 328 sequence was performed during scan sessions (50 trials per sequence, for a total of 300 trials per scan session; Fig. S3 ).
329
Trial completion was indicated by a fixation cross, which remained on the screen until the onset of the next sequence 330 identity cue (the intertrial interval varied between 0 and 6s).
331
Two sessions were abbreviated due to technical challenges. In each case when a scan was cut short, participants 332 completed four out of the five scan runs for a given session. We included behavioral data from these abbreviated 333 sessions in this study. For instance, the center-to-center spacing between the buttons on the top row was 20 mm (compared to 20 mm from 341 "G" to "H" on a recent version of the MacBook Pro), and the spacing between the top row and lower left "thumb" 342 button was 32 mm (compared to 37 mm from "G" to the spacebar on a MacBook Pro).
343
Behavioral estimates of learning 344 Consistent with convention, we defined the movement time (M T ) as the difference between the time of the first button 345 press and the time of the last button press in a single sequence. We calculated M T for every sequence performed Fitting Toolbox with option "Robust" and type "LAR"), according to the equation (1).
where t is time, κ is the exponential drop-off parameter (which we refer to as the learning rate) used to describe sequence identity cue DSP task production Figure S1 : Trial structure and stimulus-response mapping. (a) Each trial began with the presentation of a sequence-identity cue that remained on screen for 2 seconds. Each of the six trained sequences was paired with a unique identity cue. A discrete sequence-production (DSP) event structure was used to guide sequence production. The onset of the initial DSP stimulus (thick square, colored red in the task) served as the imperative to produce the sequence. A correct key press led to the immediate presentation of the next DSP stimulus (and so on) until the ten-element sequence was correctly executed. Participants received a + as feedback to signal that a sequence was completed and to wait (approximately 0-6 s) for the start of the next trial. This waiting period was called the intertrial interval (ITI). At any point, if an incorrect key was hit, a participant would receive an error signal (not shown in the figure), and the DSP sequence would pause until the correct response was received. (b) There was direct stimulus-response mapping between a conventional keyboard or an MRI-compatible button box (lower left) and a participants right hand, so that the leftmost DSP stimulus cued the thumb and the rightmost stimulus cued the pinky finger. Note that the button location for the thumb was positioned to the lower left for maximum comfort and ease of motion. Figure S2 : Experiment protocol and timeline.
(a) The experiment protocol comprised of six weeks of training of six distinct motor sequences. Following a brief explanation of the task instructions, a initial MRI scan session was held during which blood oxygen level-dependent (BOLD) signals were acquired from each participant. The scan session began with a resting state scan lasting 5 minutes where participants were instructed to remain awake and with eyes open without fixation. During the remainder of the first scan session (baseline training), participants practiced each of six distinct motor sequences for 50 trials each, or approximately 1.5 hour. They were then instructed to continue practicing the motor sequences at home using a trainind module that was installed by the experimenter (N.F.W.) on their personal laptops. Participants completed a minimum of 30 home training sessions, which were interleaved with two additional scan sessions, each occurring after at least 10 home training sessions. A final scan session was held following the completion of the 6 weeks of training. The same protocol was followed in each of the four scan sessions: a 5 minute resting state scan, followed by approximately 1.5 hour of the DSP task, where each of six distinct motor sequences was practiced for 50 trials each. Fig. 2b . The removal of various signal components present throughout most of the brain (in particular by the tCompCor method) leads to a shift on the distribution of functional connectivity values, giving rise to negative correlations (Fig. 2b ). Here, we use a less stringent noise removal pipeline (same as original but without the tCompCor method) that does not shift the range of correlation values. Similarly to our original results, we observe that functional connectivity between visual and somato-motor modules, estimated at rest and prior to learning, reliably predicts individual differences in future learning rate (ρ = −0.5280, P = 0.02174). The weaker statistical relationship is likely a consequence of residual physiological noise [104] . Figure S8 : Statistical relationship between resting visual-motor connectivity and different behavioral markers.
(a) Relationship between resting-state visual-motor connectivity estimated from the resting-state scan acquired in SESSION 1 and each of the four parameters from the two-term exponential fits of the movement times. Notice the marginal significance of the correlation between visual-motor connectivity and term d, suggesting that visual-motor connectivity correlates not only with the faster drop-off parameter (term b), but also with the slower decay parameter (term d ).
(b) Relationship between resting-state visual-motor connectivity estimated from the resting-state scan acquired in SESSION 1 and the fitted start movement time (left); similarly for fitted end movement time (right). Notice the marginal significance of the correlation between visual-motor connectivity and movement time at trial 2000, suggesting that participants with high visual-motor connectivity tend to have longer movement times. (c) Relationship between resting-state visual-motor connectivity estimated from the resting-state scan acquired in SESSION 1 and both parameters from a linear fit to the error rates. (d) Relationship between resting-state visual-motor connectivity estimated from the resting-state scan acquired in SESSION 1 and both parameters from a linear fit to the reaction times. 36 HOME 1 HOME 2 HOME 3 0 (a) Effect of removing trials from different epochs of training on the estimated learning rates. Removing HOME 1 trials, corresponding to home training sessions between the first and second scan sessions, had the largest impact on the estimations of learning rate using a two-term exponential fit. (b) Effect of removing trials from different epochs of training on the correlations between visual-motor connectivity and learning rates. Removing HOME 1 trials also had the largest absolute impact on the Spearman's correlations coefficients.
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